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Abstract

Multimodal pretraining has revolutionized visual understand-
ing, but its impact on video-based person re-identification
(RelD) remains underexplored. Existing approaches often
rely on video-text pairs, yet suffer from two fundamental lim-
itations: (1) lack of genuine multimodal pretraining, and (2)
text poorly captures fine-grained temporal motion—an essen-
tial cue for distinguishing identities in video. In this work, we
take a bold departure from text-based paradigms by introduc-
ing the first skeleton-driven pretraining framework for RelD.
To achieve this, we propose Contrastive Skeleton-Image Pre-
training for ReID (CSIP-RelD), a novel two-stage method
that leverages skeleton sequences as a spatiotemporally in-
formative modality aligned with video frames. In the first
stage, we employ contrastive learning to align skeleton and
visual features at sequence level. In the second stage, we in-
troduce a dynamic Prototype Fusion Updater (PFU) to refine
multimodal identity prototypes, fusing motion and appear-
ance cues. Moreover, we propose a Skeleton Guided Tem-
poral Modeling (SGTM) module that distills temporal cues
from skeleton data and integrates them into visual features.
Extensive experiments demonstrate that CSIP-RelD achieves
new state-of-the-art results on standard video RelD bench-
marks (MARS, LS-VID, iLIDS-VID). Moreover, it exhibits
strong generalization to skeleton-only RelD tasks (BIWI,
IAS), significantly outperforming previous methods. CSIP-
RelD pioneers an annotation-free and motion-aware pretrain-
ing paradigm for RelD, opening a new frontier in multimodal
representation learning.

Introduction

Pretraining has profoundly transformed various areas of
computer vision, from image classification (Chen et al.
2020) to multimodal understanding (Li et al. 2021), by
learning transferable and robust representations from large-
scale unlabeled data. In particular, contrastive pretraining
frameworks like CLIP (Radford et al. 2021) have demon-
strated remarkable generalization by aligning visual and tex-
tual modalities, enabling zero-shot and few-shot capabili-
ties across downstream tasks (Xu et al. 2021; Zhou et al.
2022). Although progress has been made in vision pretrain-
ing, video-based person re-identification, which matches in-
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Figure 1: We propose the first contrastive skeleton-image
pretraining for ReID. Comparison of CLIP-style learning
frameworks: (a) CLIP training. (b) one-stage TF-CLIP train-
ing. (c) Two-stage CLIP-ReID training. (d) Contrastive
learning in stage 1 of our two-stage CSIP-RelD training.

dividuals across non-overlapping cameras, remains underex-
plored in terms of cross-modal and pretraining approaches.

Some recent studies have attempted to bring CLIP-style
frameworks into the ReID domain (Li, Sun, and Li 2023;
Yu et al. 2024; Li et al. 2025). However, these methods
do not perform genuine multimodal pretraining using ReID
datasets. As shown in Fig. 1, they typically reuse the pre-
trained CLIP visual encoder or text encoder, which is trained
on generic image-text pairs that describe objects or scenes
rather than person identities. Such text lacks the identity-
level semantics necessary for fine-grained discrimination,
making the learned modality alignment poorly suited for
RelID. Furthermore, these methods neglect the temporal di-
mension entirely, as their training process does not incorpo-
rate motion cues or sequential modeling, which are crucial
in video-based re-identification.

To overcome the limitations of prior works, we take a fun-
damentally different approach. We introduce the first frame-
work that conducts genuine multimodal pretraining directly



on RelD datasets, rather than relying on frozen encoders
or handcrafted templates derived from unrelated domains.
Instead of using text as the second modality, we leverage
skeleton sequences—a rich, structured, and annotation-free
source of motion information that is naturally aligned with
visual inputs in video.

Building on this foundation, we present Contrastive
Skeleton-Image Pretraining for ReID (CSIP-RelD), a two-
stage framework that learns joint representations from
paired skeleton—image sequences. Skeleton offers several
key advantages over text. It encodes fine-grained motion pat-
terns that are highly discriminative for person identification,
remains robust under appearance or viewpoint variations,
and can be efficiently extracted from videos using modern
pose estimation models (Goel et al. 2023; Shen et al. 2024).
By replacing noisy or generic textual descriptions with ex-
pressive motion features, CSIP-RelD establishes a scalable
and identity-aware pretraining paradigm tailored for RelD.

After pretraining, we adopt prototype learning for identity
supervision, as it effectively aggregates intra-class diversity,
including variations in viewpoint and motion, and improves
robustness against noisy samples. Specifically, we propose
a Prototype Fusion Updater (PFU), which integrates aligned
appearance-rich visual features and motion-capturing skele-
ton features to generate more discriminative and robust pro-
totypes than previous methods (Yu et al. 2024). This is
achieved by: (1) Discarding empty frames via skeleton de-
tection; (2) Leveraging background-free skeleton represen-
tations to minimize redundancy; (3) Fusing complementary
appearance and motion information.

Since the visual encoder lacks spatiotemporal modeling,
temporal information across frames is often ignored, caus-
ing the task to degenerate into image-based RelD. To ad-
dress this, we introduce a Skeleton Guided Temporal Mod-
eling (SGTM) module, which captures temporal dynam-
ics through three components: Message Token Encoding
(MTE), Auxiliary Temporal Distillation (ATD), and Tem-
poral Aggregation (TA). SGTM distills the strong temporal
modeling capability of skeleton as guidance to enhance tem-
poral representation following Learning Using Privileged
Information (LUPI) (Vapnik and Vashist 2009) paradigm.

Our main contributions can be summarized as follows:

* We propose CSIP-RelD, the first skeleton-driven pre-
training framework for video-based RelD that learns
from paired skeleton—image sequences. Unlike prior
works that reuse CLIP encoders, our method performs
genuine multimodal pretraining on RelD data, establish-
ing a new paradigm beyond text-based approaches.

¢ We introduce skeletons as a scalable, annotation-free al-
ternative to text for contrastive pretraining. Skeletons are
inherently spatiotemporal and identity-discriminative,
making them well-suited for motion-aware representa-
tion learning in video RelD.

* We design a Prototype Fusion Updater (PFU) using pro-
totype learning to guide visual encoder finetuning and a
Skeleton Guided Temporal Modeling (SGTM) module to
distill temporal cues from skeletons.

e Our method achieves state-of-the-art performance on
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both video-based and skeleton-based RelD benchmarks,
showecasing its effectiveness and generalization.

Related Work
Video-based Person Re-Identification

Video-based person re-identification aims to extract infor-
mative spatial-temporal cues from video sequences to learn
robust identity representations. Early works employ CNNs
(He et al. 2021b; Liu, Zhang, and Lu 2023) or vision Trans-
formers (Wu et al. 2022; Wang et al. 2025) to capture spatial
features. Recently, TF-CLIP (Yu et al. 2024) introduced a
CLIP-style approach that replaces the text encoder with a
visual memory module. However, it remains unimodal and
lacks genuine cross-modal contrastive pretraining. In con-
trast, our CSIP-RelD performs genuine contrastive pretrain-
ing on paired skeleton—image sequences.

For temporal information extraction, existing methods
adopt RNNs (Dai et al. 2018), 3D CNNs (Gu et al.
2020), temporal pooling (Wu et al. 2018), attention mech-
anisms (Liu, Zhang, and Lu 2023) or temporal diffusion (Yu
et al. 2024) to capture cross-frame temporal information.
Unlike existing methods, we propose a Skeleton Guided
Temporal Modeling (SGTM) module that uses skeletons as
privileged information to guide temporal feature learning,
following the LUPI paradigm (Vapnik and Vashist 2009).

Visual Skeleton Learning

Recent studies have demonstrated the effectiveness of com-
bining skeleton and visual modalities across various tasks.
Shao et al. (Shao et al. 2021) integrate silhouette image
and skeleton features through multimodal fusion. Jiang et al.
(Jiang et al. 2024) enhance person RelD by guiding visual
feature refinement and body-part fusion with skeleton graph
modeling. Liu et al. (Liu, Chen, and Liu 2024) align visual
features and skeleton features via contrastive learning. Lu et
al. (Lu et al. 2024) transfer high-quality features from X-
CLIP to skeleton encoder. 3DAPRL (Jing et al. 2025) lever-
ages 3D pedestrian representations, which are highly simi-
lar to skeleton, and introduce shape-aware spatio-temporal
modeling to enhance video-based person RelD.

Despite these advances, existing approaches incorporate
skeleton by adding separate streams or modules, inevitably
increasing model complexity and computational cost. In the
era of large-scale models, boosting performance without sig-
nificantly increasing model size or runtime is essential, tech-
niques such as pretraining (Chen et al. 2023) and knowl-
edge distillation (Xu et al. 2024) offer promising solutions.
Inspired by this, CSIP-RelID adopts a skeleton-image con-
trastive pretraining strategy and distills skeleton information
employing prototype learning and LUPI paradigm.

Method

In this section, we present CSIP-RelD, a two-stage frame-
work illustrated in Fig. 2. We describe feature extraction, in-
troduce Stage 1 for contrastive skeleton—image pretraining,
and Stage 2 for prototype-guided finetuning with PFU and
SGTM modules, followed by the overall training procedure.
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Figure 2: Illustration of the proposed CSIP-RelD framework. (I) Extract skeleton data using human pose estimation model. (IT)
Stage 1: Contrastive Skeleton-Image Pretraining. (III) Stage 2: Prototype-guided Finetuning, consisting of Prototype Fusion
Updater (PFU) and Skeleton Guided Temporal Modeling (SGTM). (IV) Prototype Fusion Updater (PFU) computes and fuses
modality-specific prototypes, dynamically updating them with batch visual-skeleton features. (V) Skeleton Guided Temporal
Modeling (SGTM) uses MTE to generate message tokens, employs ATD to distill skeleton temporal cues into visual features,
and applies TA to aggregate these cues across tokens for frame-level representation.

Feature Extraction with Encoders

CSIP-RelD consists of a visual encoder V() and a skeleton
encoder S(+). We adopt Vision Transformer (ViT) as the vi-
sual encoder for its strong spatial modeling capability and
proven effectiveness in person re-identification (He et al.
2021a). Meanwhile, Skeleton Graph Transformer (SGT) is
employed as the skeleton encoder to capture spatio-temporal
patterns from joint graphs, owing to its strong performance
in skeleton-based ReID (Rao and Miao 2023).

For the visual modality, an input sequence V = {V;}1_;
with frames V; € R¥*W>3 j5 encoded by V(-), producing
frame-level representations v, € R(+N2)XC Here, T is the
number of frames, H and W denote height and width, and
N, is the number of visual patches.

For the skeleton modality, we extract skeleton data from
each frame to form S = {S;}7_,, where S; € R/*3 consists
of J joints and 3D coordinates (x,y, z). The skeleton en-
coder S(-) processes each frame to produce s, € R(+7)xC,

Stage 1: Contrastive Skeleton-Image Pretraining

Stage 1 aims to align skeleton features with those from the
frozen CLIP visual encoder through contrastive pretraining,
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producing well-aligned visual features rich in appearance
cues and skeleton features that capture motion.

Specifically, paired skeleton—-image sequences are pro-
cessed by V(-) and S(-) to extract frame-level features,
which are average-pooled across tokens and frames to ob-
tain sequence-level representations v € R for the visual
modality and s € R for the skeleton modality. These rep-
resentations are then used for contrastive pretraining.

By applying this operation to each sample, we obtain a
multimodal representation set M = {(v;,5;)}.,, where
N; denotes the number of sequence pairs in stage 1. The
similarity between the two modalities is then computed as:

Sim ({’i,éi) = jv (‘71) : js (él) ) (1)

where J,, and J; are linear projections into a shared fea-

ture space. Similar to CLIP-ReID (Li, Sun, and Li 2023),

we adopt L2 and Lo, to align cross-modal features. The
visual-to-skeleton contrastive loss Ly, is calculated as:

3 o

JEP;

exp (Sim(v;,8;)/7)
Zk 1 exp (Sim(V;,85)/7)

and the skeleton-to-visual contrastive loss Ly :
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exp (Sim(v;,§;)/7)
iy exp (Sim(vy., ;) /7)

Here, P, = {j | yi = y;} is the set of positive pairs
that share the same identity label as the i-th sample. 7 is a
temperature hyperparameter that controls the sharpness of
the distribution. L,4() and L, (¢) represent the supervised
contrastive loss for aligning visual-to-skeleton and skeleton-
to-visual representations, respectively.
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Stage 2: Prototype-guided Finetuning

Stage 2 employs prototype-guided finetuning to optimize the
visual encoder, as ReID fundamentally relies on its ability to
generate discriminative features for identity matching.

Prototype Fusion Updater. As shown in Fig. 2 (IV), the
Prototype Fusion Updater (PFU) first combines visual and
skeleton modalities to construct fusion prototypes, and then
updates them using features within each training batch.
Prototype Fusion. First, we integrate aligned visual and
skeleton features to produce more robust and discrimina-
tive fusion prototypes. We load the two encoders pretrained
during stage 1 and freeze their parameters to ensure consis-
tent feature extraction. Given aligned features {\71}1 , and

{8:}V1, with identity labels {yz}z 1» we compute modality-
specific prototypes by averaging sequence-level features of
all samples sharing the same identity, as illustrated by the
Intra-ID pooling step in Fig. 2; this step is performed only
once during Stage 2.

“

where Z. = {i | y; = c} denotes the set of training sam-
ples of identity c. The modality-specific prototypes Pg and
Py € REXC gare then fused by an adaptive fusion mecha-
nism, which learns a dynamic weight @ € R¥*1:

= o (MLP([Ps|Pv])), ®)

Pr = aPg + (1 — Oz)Pv, (6)

Here, o € RX*! is an adaptive weight for each class,
learned from concatenated modality features. The symbol
[- | -] denotes feature-wise concatenation, MLP is a two-
layer fully connected network, followed by a sigmoid ac-
tivation o(-) to constrain the output to (0,1). This de-
sign enables class-aware fusion by dynamically adjusting
each modality’s contribution, allowing the final prototypes
to comprehensively capture both discriminative appearance
cues and inherent structural patterns.

Prototype Update. Secondly, we observe that using fixed
fusion prototypes limits adaptability as it overlooks the ap-
pearance diversity within the same identity. Therefore, we
dynamically adjust the fusion prototypes for each input se-
quence to capture sequence-specific characteristics.

For each training batch, we extract visual features f,, from
the visual encoder and skeleton features f; from the skeleton
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encoder. They are concatenated along the token dimension
to form a fused sequence F € RE*(LvistLue)XC "\where B
is the batch size, Lyis = 1+ N, and Ly, = 1 + J are the
numbers of visual and skeleton tokens.

This multimodal sequence encodes both appearance and
structural cues and serves as the key and value for a cross-
attention module. Meanwhile, batch-wise fusion prototypes
Pr € RBXEXC representing K identity prototypes, act as
queries. PFU adopts a transformer-style architecture com-
prising self-attention, cross-attention, and a feed-forward
MLP. The update process is formulated as:

Pr = Pp + MLP(CrossAttn(SelfAttn(Pg), F)). (7)

The update begins with SelfAttn(P) over prototype to-
kens to enable inter-prototype interaction. The result then
attends to the fused tokens F' through cross-attention to cap-
ture sample-specific details from multi-modal context. Fi-
nally, a feed-forward network MLP(-) refines the output,
which is added back through a residual connection to pro-
duce the updated prototypes Pp.

Prototype Supervision Loss. Then the updated fusion
prototypes Py are used to supervise RelD. Given prototypes
Pl, cee PK and a visual feature f; from the i-th training
sample, the classification loss Lo gy p is defined as:

exp (f;pk)
Z el > exp (ffﬁj) .

What’s more, we follow the strong pipeline (Luo et al.
2019) and adopt both the cross-entropy loss Lcg with label
smoothing and the triplet loss Lryipie to jointly optimize the
visual encoder.

®)

Lesip(i

Skeleton Guided Temporal Modeling. To model tempo-
ral dynamics, we propose Skeleton-Guided Temporal Mod-
eling (SGTM) module as shown in Fig. 2 (V).

Message Token Encoding. Given XV ¢ RT*(1+Np)xC
we average all tokens per ¢ to extract a compact message to-
ken. Unlike directly using [CLS] token, we adopt average
pooling since recent work (He et al. 2022) has shown that
patch tokens still retains rich semantic information. Pooled
tokens are projected via W, into a shared space and en-
hanced by temporal MHSA:

=~ V1§

= MHSA (W, Pool(X;™)), 9)

where W, is a learnable linear projection, Pool(-) denotes
average pooling over all tokens at ¢, and MHSA () refers to
temporal self-attention. Skeleton message tokens m*® are
computed in the same manner.

Auxiliary Temporal Distillation. Following the Learn-
ing Using Privileged Information (LUPI) paradigm (Vapnik
and Vashist 2009), we leverage skeleton features as privi-
leged information available only during training. ATD em-
ploys cross-attention to distill skeleton-guided motion cues
into visual message tokens:



~ vis

~ vis _~ ske _~ ske
1 )

= CrossAttn(m", m*°, m (10)

To enhance modality awareness, we inject learnable
type embeddings E € R**¢ for four token types:
{xy55, s, x5k m*e}, enabling explicit source differenti-
ation. Such a design has proven effective in (Devlin et al.
2019). By distilling temporal cues from skeleton into visual
features under the LUPI framework, ATD strengthens the
temporal modeling capacity of the visual stream while keep-
ing inference free from skeleton data.

Temporal Aggregation. TA integrates temporal depen-
dencies across token types by forming a unified sequence
X € REXBTXC \where L varies with training (which in-
cludes all four token types) and messages m**®) and testing

(which includes only visual tokens x;”; and "®):
X — [le; || i || szje | ﬁlSke] , if training an
a [X¥IZ [ mVis] ) if testing

The unified sequence X is fed into an attention block as
shown in Fig. 2 (V), comprising a temporal self-attention
layer followed by a feed-forward network, both equipped
with residual connections and layer normalization.

Frame-level Supervision Loss. We apply attention-based
pooling over tokens to obtain frame-level logits z; ; € RC,
where the attention weights highlight informative tokens and
aggregate temporal context into a global representation. The
classification loss is then computed as:

B

T K
Lbrame = — Z Z Z qit,k Ingi,tJm

i=1 t=1 k=1

(12)

where K is the number of identity classes, p; ¢ i is the
softmax probability derived from z; ¢, and g; ¢ 1 is the cor-
responding frame-level label. This loss enforces consistent
identity predictions across all frames of a sample, enhanc-
ing frame-level discriminability and compensating for the
reliance on sequence-level features in Stage 1 and PFU.

Traing Strategy

Our training strategy consists of two stages: Contrastive
Skeleton-Image Pretraining and Prototype-guided Finetun-
ing. In Stage 1, we load pretrained weights from CLIP,
freeze the visual encoder and optimize only the skeleton en-
coder to align the two modalities via supervised contrastive
learning. The training objective is:

Estage 1= Ly + Loy (13)

In Stage 2, we jointly optimize the visual encoder, Pro-
totype Fusion Updater (PFU), and Skeleton-Guided Tempo-
ral Modeling (SGTM). Specifically, we employ the cross-
entropy loss Lcg, triplet loss Lripiet, prototype-guided su-
pervision loss Lcsip from PFU, and frame-level supervision
loss Lprame from SGTM. Two hyperparameters A; and Ao
control the contribution of the last two terms:

ﬁstage 2 = ECE + ETriplet + >\1£CSIP + AQACFrame- (14)
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Experiments
Datasets and Evaluation Protocols

We evaluate CSIP-RelD on three video-based person RelD
benchmarks: MARS (Zheng et al. 2016), LS-VID (Li et al.
2019), and iLIDS-VID (Wang et al. 2014). Following com-
mon practice, we evaluate model performance using the Cu-
mulative Matching Characteristic (CMC) curve at Rank-k
and mean Average Precision (mAP) (Zheng et al. 2015).

Experiment Settings

Our model is implemented in PyTorch and trained on a
single NVIDIA Tesla L20 GPU. We sample 8 frames per
tracklet, resize them to 256x 128, and apply data augmen-
tation as in TF-CLIP (Yu et al. 2024). Stage 1 is trained
for 120 epochs with a batch size of 64, while Stage 2 is
trained for 80 epochs using PK sampling (Hermans, Beyer,
and Leibe 2017) with 4 identities x 4 tracklets. The skele-
ton encoder parameters follow those in TranSG (Rao and
Miao 2023). Code is available in https://github.com/Rifen-
Lin/CSIP-RelD.git.

Comparison with State-of-the-arts

We compare our method with state-of-the-art approaches
on three video-based person RelD benchmarks, with results
shown in Tab. 1, demonstrating its superior performance.

On MARS, CSIP-RelD achieves the best performance
with an mAP of 90.4% and Rank-1 accuracy of 94.2%. It
surpasses TF-CLIP by 1.0% in mAP and 1.2% in Rank-1,
largely because CSIP-RelD leverages skeleton guidance as
a complementary second modality. On LS-VID, CSIP-RelD
achieves the best Rank-1 accuracy on LS-VID at 92.5%,
surpassing TF-CLIP by 2.1%, and ranks second in mAP,
slightly behind CLIMB-RelD, likely due to a broader simi-
larity neighborhood that admits a few hard negatives, which
can be mitigated by re-ranking. On iLIDS-VID, CSIP-RelD
attains the best Rank-1 accuracy on iLIDS-VID at 97.2%,
exceeding CLIMB-RelD by 0.5% and TF-CLIP by 2.7%.
The Rank-5 accuracy is 98.2%, slightly below CLIMB-
RelD, likely because the small scale of this dataset limits
contrastive pretraining in Stagel.

Ablation Study

To evaluate the contribution of each component in our
model, we conduct ablation studies on the MARS and LS-
VID datasets, with results summarized in Table 2. Modell
serves as the baseline, where only the CLIP vision en-
coder is fine-tuned. Model?2 refers to TF-CLIP without the
Sequence-Specific Prompt and Temporal Memory Diffusion
modules, where the visual encoder is fine-tuned solely under
the guidance of the visual prototype.

Effectiveness of Prototype Fusion. As shown in the first
three rows of Table 2, Model2 outperforms Modell on
MARS by leveraging visual prototypes, while Model3
achieves further gains by jointly using visual and skele-
ton prototypes, confirming their complementarity. Similar
trends are observed on LS-VID, demonstrating that fusion
prototypes provide more effective guidance for fine-tuning
the visual encoder than visual prototypes alone.



Methods Source MARS LS-VID iLIDS-VID
mAP Rank-1 mAP Rank-1 Rank-1 Rank-5
STMP (Liu et al. 2019) AAAII9  72.7 84.4 39.1 56.8 84.3 96.8
M3D (Li, Zhang, and Huang 2019) AAAI19 74.1 84.4 40.1 57.7 74.0 94.3
GLTR (Li et al. 2019) ICCV19 785 87.0 44.3 63.1 86.0 98.0
TCLNet (Hou et al. 2020) ECCV20 85.1 89.8 70.3 81.5 86.6 -
MGH (Yan et al. 2020) CVPR20 85.8 90.0 61.8 79.6 85.6 97.1
BiCnet-TKS (Hou et al. 2021) CVPR21 86.0 90.2 75.1 84.6 - -
CTL (Liu et al. 2021) CVPR21 86.7 914 - - 89.7 97.0
DIL (He et al. 2021b) ICCV21 87.0 90.8 - - 92.0 98.0
CAVIT (Wu et al. 2022) ECCV22 87.2 90.8 79.2 89.2 93.3 98.0
SINet (Bai et al. 2022) CVPR22 86.2 91.0 79.6 87.4 92.5 -
SDCL (Cao et al. 2023) CVPR23 86.5 91.1 - - - 93.2
TCVIT (Wu et al. 2024) AAAI24  87.6 91.7 83.1 90.1 94.3 99.3
TF-CLIP (Yu et al. 2024) AAAI24 894 93.0 83.8 90.4 94.5 99.1
CLIMB-RelID (Yu et al. 2025) AAAI25 89.7 93.3 85.0 91.3 96.7 99.9
CSIP-ReID(Ours) 90.4 94.2 84.2 92.5 97.2 98.2

Table 1: Comparison with typical methods on MARS, LS-VID and iLIDS-VID.

Prototype Prototype MARS LS-VID
Model Fusi(‘_))/rll) Upda};g SGIM | Params(M) ~ FLOPs(G) mAP Rank-1 Rank-5 | mAP Rank-1 Rank-5
1 X X X 86.95 16.98 85.6 90.4 96.4 80.2 87.2 95.5
2 X X X 107.15 16.99 88.3 90.6 96.9 80.0 87.9 95.6
3 v X X 109.78 20.34 88.4 92.3 97.8 82.8 91.0 97.1
4 v v X 118.98 20.49 89.2 92.5 98.0 82.9 91.1 97.1
5 v X v 125.91 21.13 90.1 93.4 98.0 83.4 91.5 97.2
6 v v v 135.11 21.28 90.4 94.2 98.3 84.2 92.5 97.3

Table 2: Comparison of different modules and the computational cost on MARS and LS-VID.

Effectiveness of Prototype Update. As shown in Tab. 2,
compared with M odel3, adding prototype updates of PFU
to M odel4 improves mAP by 0.8% and Rank-1 accuracy by
0.2% on MARS, with similar gains on LS-VID, demonstrat-
ing its effectiveness. This improvement likely stems from
online prototype updates of PFU, which adapt to each batch
and capture fine-grained details overlooked by static fusion
prototypes, yielding more discriminative representations.

Effectiveness of SGTM. As shown in Tab. 2, the proposed
SGTM significantly improves performance, with M odelb
achieving gains of 1.7% mAP and 1.1% Rank-1 accuracy
over Model3 on MARS, and similar improvements on LS-
VID. These results highlight SGTM’s effectiveness, as it dis-
tills additional temporal cues from skeleton to enhance vi-
sual temporal modeling.

Comparison of different temporal fusion methods. To
assess different temporal aggregation strategies, we com-
pare several fusion methods on MARS, following TF-
CLIP (Yu et al. 2024). As shown in Fig. 3(a), SGTM
achieves 94.2% Rank-1 accuracy, surpassing the second-
best method, ConvlD, by 1.2%. This improvement stems
from SGTM’s ability to model temporal dynamics in visual
frames while distilling complementary cues from skeletons.

The effect of ;. In stage 2, the parameter A\, controls the
weight of the prototype supervision loss Lcsip, Which en-
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hances identity discrimination through joint visual-skeleton
representation. As shown in Fig. 3(b), the model achieves
optimal Rank-1 accuracy and mAP at \; = 1.0. A smaller
A1 weakens prototype supervision, while a larger value
causes overfitting to prototypes and distorts the video feature
space. Thus, A\; = 1.0 is adopted for balanced cross-modal
supervision and optimal performance.

The effect of \o. The parameter Ay controls the weight
of frame-level supervision loss Lgrame, Which enforces fine-
grained alignment of individual frame features. As shown
in Fig. 3(c), performance improves as )\ increases, peaking
at 1.3, where temporal discrimination is best. Higher values
may cause overfitting to frame-specific noise. Thus, we set
A2 = 1.3 to balance precision and generalization.

Visualization

t-SNE visualization. To demonstrate the effect of CSIP-
RelD, we visualize t-SNE (Van der Maaten and Hin-
ton 2008) distributions of visually similar pedestrians. In
Fig. 4(a) and (b), each color represents an identity, with red
circles marking two similar ones. Compared with TF-CLIP
which exhibits scattered features and outliers, CSIP-RelD
forms more compact and separable clusters, reducing intra-
person variance and enhancing inter-person separation.

Focus Region Analysis. Finally, we visualize CAM re-
sults in Fig. 5, where warmer colors indicate stronger
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Figure 3: Analysis of key modules/factors affecting performance. This figure illustrates (a) the impact of different temporal
fusion methods, (b) the effect of the hyperparameter A;, and (c) the effect of A\ on model performance.
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Figure 4: CSIP-ReID produces more compact, discrimina-
tive clusters than TF-CLIP in the t-SNE visualization. Each
color represents a different identity. Red circles highlight
samples from two visually similar identities.
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Figure 5: CSIP-RelD shows stronger attention focus on to-
kens corresponding to human regions. We compare the pro-
posed method CSIP-RelD with Baseline and TF-CLIP.
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Methods BIWI-S [ BIWI-W | TAS-A [ TAS-B
mAP Rl [mAP RI |mAP Rl |[mAP RI
PoseGait (2020)| 9.9 14.0[11.1 88 [17.5 28.4]20.8 289
SGELA (2021) | 15.1 25.8{19.0 11.7[13.2 16.7|14.0 222
SimMC (2022) | 12.3 41.7|19.9 24.5|18.7 44.8/229 463
Hi-MPC (2024) | 17.4 47.5/22.6 27.3|232 45.6(253 482
TranSG (2023) |30.1 68.7|26.9 32.7|32.8 49.2/39.4 59.1
MoCos (2025) | 32.1 72.0| 30.5 36.0)35.8 51.9/45.5 61.5
CSIP-ReID | 34.5 68.6]33.8 36.9|48.1 53.6|50.7 63.3

Table 3: skeleton-based performance comparison with typi-
cal methods on BIWI and IAS.

identity-related attention. The baseline focuses on local
cues and fails to capture holistic identity information. TF-
CLIP improves attention with visual prototypes and tempo-
ral memory but still occasionally attends to background to-
kens. In contrast, our method leverages skeleton guidance
to direct attention primarily toward human regions, yielding
more identity-relevant focus.

Transfer to Skeleton-based RelD

To further evaluate the generalization ability of CSIP-RelD,
we extend it to skeleton-based RelD by symmetrically mod-
ifying the CSIP architecture. The results on the BIWI (Mu-
naro et al. 2014a) and IAS (Munaro et al. 2014b) datasets
are shown in Tab. 3. Importantly, visual information is used
only during training for cross-modal guidance and excluded
during testing to ensure fair comparison, where CSIP-
RelD consistently outperforms state-of-the-art approaches,
demonstrating strong generalization ability.

Conclusion

In this paper, we explore the potential of skeleton-image pre-
training to enhance RelD. Specifically, we propose a novel
two-stage framework named CSIP-RelD. Stage 1 aligns vi-
sual and skeleton features using supervised contrastive loss
while Stage 2 introduces a Prototype Fusion Updater to
fuse motion and appearance cues. A Skeleton-Guided Tem-
poral Modeling module distills temporal information from
the skeleton modality. Experiments on three benchmarks
demonstrate the effectiveness of CSIP-RelD, and its trans-
fer to skeleton-based RelD highlights strong generalization.
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